INTRODUCTION
The ecological importance of space-time heterogeneity in phytoplankton populations has been pointed out by several authors (e.g. Hutchinson 1961 , Margalef 1967 , Platt 1975 ) and widely investigated both in marine and freshwater ecology (e.g. Platt 1972 , Powell et al. 1975 , Abbott et al. 1982 , Weber et al. 1986 , Denman & Abbott 1994 . However, in spite of the intensive investigations conducted on the nutrient dependence of phytoplankton growth (Jickells 1998 , McCarthy et al. 1998 ) that provided direct evidence for nutrient control of photosynthesis in the ocean (Platt et al. 1992 , Falkowski et al. 1998 , studies concerning the small-scale heterogeneity of nutrients are still scarce (Estrada & Wagensberg 1977 , Steele & Henderson 1979 .
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The small-scale distribution of nutrients in the sea is nevertheless a particular salient issue in marine ecology. Indeed, if small-scale heterogeneity in the distribution of nutrients is really more prevalent than generally thought, for instance, new production by phytoplankton might have been biased in many environments, especially at the continental margins of the ocean, where spatio-temporal variability of both physical and biological processes is usually very developed (see e.g. Mackas et al. 1985 , and references therein). Indeed, while some studies have been dedicated to spatio-temporal distributions of phyto-and zooplankton (Brylinski et al. 1984 , Brunet et al. 1993 , Seuront et al. 1996a ,b, 1999 , Seuront & Lagadeuc 1998 , results concerning the spatio-temporal distribution of nutrients are still scarce in this area (Bentley et al. 1993 , Gentilhomme & Lizon 1998 , especially on smaller scales.
In the eastern English Channel and the Southern Bight of the North Sea, characterized by their megatidal regime and the resulting very high turbulence, recent studies have shown that phytoplankton biomass is neither randomly nor homogeneously distributed but rather exhibits a very structured small-scale patchy distribution similar to that of purely passive scalars such as temperature and salinity (Seuront et al. 1996a (Seuront et al. ,b, 1999 . The question is then to know whether dissolved nitrogen exhibits a structured distribution driven purely by physical forces (i.e. similar to that observed regarding temperature and salinity) or another kind of distribution, suggesting another level of complexity in the structure of nutrient variability.
However, studies of small-scale distributions are subject to both technical and statistical limitations. Small-scale patches with elevated nitrogen content cannot be observed with present-day techniques. The fastest response nutrient analyser allows, to our knowledge, only a 2 min temporal resolution (Sakamoto et al. 1996) and is still insufficient to work in the coastal ocean, where spatio-temporal variability is high relative to the open ocean (Mackas et al. 1985) . Previous statistical studies of plankton patchiness, mainly based on spectral analysis (see e.g. Platt & Denman 1975 , Fasham 1978 , have allowed inferences on when biological processes contribute significantly to phytoplankton spatial structure, over spatial scales ranging from tens of meters to tens of kilometers. However, while able to quantify the variance as a function of scales, these techniques, based on second order statistics and Gaussian hypotheses, were not able to reveal the precise variability associated with those scales and the mechanism of the physical-biological interactions, particularly at small scales (i.e. meters and seconds). This is in the range where physical forces dominate biological processes (e.g. Seuront et al. 1996a Seuront et al. ,b, 1999 . Herein, the goal of this paper is: (1) to demonstrate the validity of a high resolution (i.e. a 3 s temporal resolution) dissolved nitrogen analysis technique; (2) to show how high resolution nitrogen time series can be wholly characterized in terms of structured variability in the powerful framework of multifractal analyses in a more efficient way than in a spectral framework; and (3) to reveal how the organization of this structured variability can be regarded as mainly dependent on hydrodynamic conditions.
MATERIALS AND METHODS
Sampling experiment. Sampling was conducted during 48 h (ca 4 tidal cycles) in a period of spring tide, from 2 to 4 April 1996, at an anchor station ( Fig. 1 ) located in the coastal waters (i.e. the 'Coastal Flow'; Brylinski et al. 1991 ) of the eastern English Channel (50°47' 300'' N, 1°33' 500'' E). Measurements of physical parameters (temperature and salinity) and in vivo ) concentration for both conceptual and technical reasons. Nitrite is indeed the most conservative nutrient and can be expected to behave as a purely passive scalar. Therefore the observed variability will presumably be little or not biased by biological processes such as phytoplankton uptake and release as nitrate and ammonium can be. Moreover, nitrite allows a higher temporal resolution than nitrate -and then more direct comparisons with the 0.5 s resolution reached by Seuront et al. (1996a Seuront et al. ( ,b, 1999 ) -because of the substantial smoothing introduced by the reduction process associated with nitrate determination (see Treguer & Le Corre 1971 for further details).
In order to continuously investigate the small-scale distribution of nitrite (NO 2 -), water was continuously taken from a depth of 0.25 m through a sea-water intake mounted on a suspended hose at a distance of 1 m away from the hull of the vessel, and directly processed in a Technicon autoanalyzer II (Treguer & Le Corre 1971) by means of a railwheel pump connected to 1.5 mm diameter plastic tubing ( Fig. 2) with an approximate output of 0.80 ml min -1 . The temporal resolution (i.e. 3 s) was chosen as the minimum time interval allowed by the Technicon autoanalyzer II between 2 nitrite quantity determinations. One may note here that such an approach, while suggested by Treguer & Le Corre (1971) has, to our knowledge, never been used in that way except by Estrada & Wagensberg (1977) with a lower temporal resolution (1 min) and a considerable smoothing of the output signal associated with the dimension of the pumping apparatus.
In more practical terms, the Reynolds number associated with our pumping apparatus was low (i.e. Re 1 8.75) and indicated that no turbulent processes occurred during the pumping in the plastic tubing. We then subsequently estimated the characteristic length scale, L, covered by the nitrite molecules because of molecular diffusion occurring in the plastic tubing dur- . This led to a characteristic diffusion length scale L = 10 -3 m which is about 5 orders of magnitude lower than the intersample bubbling used by the Technicon autoanalyzer II. We can state that our pumping apparatus cannot be responsible for any biasing associating with turbulent or molecular diffusion.
Finally, our sampling cannot be biased by the boundary layer occurring around the hull of the vessel because of the 1 m distance chosen for our seawater intake. Indeed, the thickness of a boundary layer, δ, increases with increasing distance from the leading edge according to δ = (x ν/u) 1/2 (Mann & Lazier 1991) , where x (m) is the distance from the leading edge (i.e. the distance from the ship bow) where water has been continuously taken (i.e. x = 15 m), ν the kinematic viscosity (10 -6 m 2 s -1
) and u (m s -1
) the free-stream velocity. We then estimated δ for the range of free-stream velocities (i.e. 0.10 to 1.04 m s -1 ) experienced during the sea water pumping experiment as being in the range 0.38 to 1.22 cm. The potential influence of such a minute boundary layer thickness in the temporal patterns on the nitrite measurements can then be neglected in the present case.
We then recorded 11 time series of nitrite concentrations of approximately 1 h duration at a sampling frequency of 0.33 Hz; data were directly recorded on a PC by means of a data logger system interfaced with the Technicon autoanalyzer II. Between each time series, the whole plastic tubing was rinsed with HCl 10%, Milli-Q water and the Technicon autoanalyzer II was calibrated using a standardized nitrogen solution. In order to allow comparisons between nitrite time series and the structure of passive scalars under purely physical control of turbulent motions, we recorded temperature and salinity with an SBE 25 Sealogger CTD simultaneously to the 11 nitrite time series sampling and at a roughly similar sampling resolution (0.5 Hz). Data analysis. The dynamic stability of the water column was calculated using the total shear squared (Lizon et al. 1995) :
where ∆z is depth variation; ∆u and ∆v are variations in the speed of the 2 orthogonal components u (crosschannel) and v (along-channel 
where φ, u and h are the fraction of the tidal energy which is used for vertical mixing ( The effect of wind events being of main interest in structuring the whole water column (Raby et al. 1994 , Lagadeuc et al. 1997 , Seuront & Lagadeuc 1997 , we especially focused on the relative effects of dissipation rates of turbulent energy induced by wind on the subsurface small-scale distribution of nitrite. Thus, we estimated the dissipation rates of wind-generated turbulent kinetic energy ε w (m 2 s -3
) using the formulation of the boundary layer model used by MacKenzie & Leggett (1991) as:
where W and z are the wind speed (m s -1
) and the sampling depth (m), respectively.
Fractal and multifractal analyses. In this study we have used 2 related but conceptually different analysis methods to investigate the temporal structure of nitrite concentrations. The first method is based on a 1-dimensional fractal approach, thus assuming that the process can be described by a single fractal dimension, D (Mandelbrot 1977 (Mandelbrot , 1983 . Under this assumption, when all or parts of a power spectrum E(ƒ) obeys a power-law form:
where ƒ is frequency, this indicates the absence of a characteristic time-scale in the range of the power law, i.e. a scaling behaviour. The power law form will manifest itself as an approximately straight-lined behaviour of the power spectrum when plotted in a doublelogarithmic diagram. For time series, the exponent β and the fractal dimension D are related according to (Schroeder 1991) :
where d is the Euclidean dimension of the observation space (d = 1 for time series). For time series, the fractal dimension D takes values between 1 and 2. A low D value means that the heterogeneity is high (strong autocorrelation) and there may be dominant long-range effects, while a high D value indicates that the variable is randomly distributed in time (weak or no autocorrelation) and that only weak short-range effects exit (see e.g. Seuront & Lagadeuc [1997] for further details). The second method, which is based on the so-called structure functions (i.e. a high order statistical generalization in the real domain of the power spectrum), has been extensively described and illustrated elsewhere (Seuront et al. 1999 ) and we will only review its main properties here. For a time series of a given quantity Q, q th order structure functions can be defined as:
where <...> indicates statistical averaging and <(∆Q(τ)) q > is the q th order statistical moments of the fluctuations of the quantity Q at scale τ. For scaling processes, the scale invariant structure function exponents ζ(q) which characterize all the statistics of the field are defined as:
The scaling exponents ζ(q) are estimated by the slope of the linear trends of <(∆Q (τ)) q > vs τ in a log-log plot. The first moment gives the scaling exponent H = ζ(1) corresponding to the scale dependency of the average absolute fluctuations: indeed, if H ≠ 0 the latter will depend on the time scale τ; it therefore characterizes the degree of non-conservation of the process. For simple scaling (monofractal) processes, the function ζ(q) is linear. For multifractal processes, this function is non-linear and concave (Seuront et al. 1999) .
It can be noticed that the function ζ(q) could depend on a very large number of parameters (a priori an infinite number of non-integer values of q). However, in the framework of universal multifractals, ζ(q) can be determined by only 3 parameters as: (8) C 1 is the codimension that characterizes the sparseness (i.e. heterogeneity) of the process, and satisfies 0 ≤ C 1 ≤ d (d is the Euclidean dimension of the observation space): C 1 = 0 for a homogeneous process and C 1 is higher as the process is sparse, indicating that the field values corresponding to any given level of variability are more infrequent. The Lévy index α is the degree of multifractality, bounded between α = 0 and α = 2 corresponding to the extreme monofractal and log-normal multifractal cases, respectively. In other words, the second term of Eq. (8) expresses the multifractal deviation from monofractality, in which case ζ(q) = qH. The distance between monofractality and multifractality is then a function of α and C 1 . The knowledge of these parameters suffices to characterize all the statistics of the field. C 1 is given by:
and α is estimated as the best non-linear fit of Eq. (8), for values between 0 and 2, using a simplex procedure (O'Neill 1971 ). An objective criterion is needed to decide upon an appropriate range of scales to include in the regressions to determine both the spectral exponents β and the structure function scaling exponents ζ(q). We used the values of the frequencies and the time scales which maximised the coefficient of determination (r 2 ) and minimised the total sum of the squared residuals for the regression (Seuront & Lagadeuc 1997) . Before performing the calculations, the measured time series must be detrended and normalized. This is done, first, by calculating Kendall's coefficient of rank correlation, τ, between time series and the x-axis values in order to detect the presence of a linear trend (Kendall & Stuart 1966) . Then, if required, the time series is detrended by fitting linear regressions to the original data by least squares and by using the regression residuals in further analysis, a common remedial procedure in timeseries analysis equivalent to high-pass filtering (Fuller 1976) . Second, the measured time series were normalised (non-dimensionalised) by dividing all values by the average over the total series.
RESULTS

Environmental conditions
The values of the vertical shear activity, S 2 (0.0005 ± 0.0004 s -1 SD), which can generate turbulence were always greater than 2.4 × 10 -4 s -1
, a low shear effect according to Itsweire et al. (1989) , indicating an elevated shear activity in the whole water column. At all depths, current vectors showed wide variations, which were related to the semidiurnal M2 (12.4 h) tidal component. It resulted in variations of 6 h periodicity in the current speed, which ranged from 5 to 116 cm s -1 at 3 m depth. A moderate NNE wind (4.4 ± 0.2 m s -1 ) blew during the whole sampling experiment, leading to a dissipation rate of 5.24 × 10 -7 m 2 s -3 at 1 m depth. Moreover, the depth-averaged mean dissipation rate of tidally induced turbulent energy, ε t (ε t = 6.85 × 10 -5 m 2 s -3
), significantly higher than the wind-generated turbulent dissipation rate ε t (ε t = 5.24 × 10 -7 m 2 s -3 at 1 m depth), characterizes a tidally mixed area and indicates a negligible effect of wind-induced turbulent kinetic energy on the water column. Autocorrelation of salinity, and cross-correlation between current direction and salinity, show that this parameter also varied with a periodicity of 12 h, and was negatively correlated with current direction. Temperature exhibits a slightly complex behaviour, showing a light-dark cycle (sinusoidal regression, r 2 = 0.68) superimposed on a significantly autocorrelated (p < 0.05) 12 h tidal cycle. In all cases, the water column always has no vertical structure.
Nutrients and phytoplankton biomass
The mean nitrite and nitrate concentrations were 0.17 ± 0.02 and 0.71 ± 0.14 µmol l -1 , respectively, while mean chl a concentration was 17.91 ± 1.10 µg l -1
. There was a significant 12 h tidal cycle in nutrient and chl a concentrations, and no statistical differences between mean values at the 4 sampled depths, as shown by autocorrelation analyses (p < 0.05) and Kruskal-Wallis test (p < 0.05), respectively. Nutrients and chl a concentrations exhibited significant negative correlation for the whole water column (Spearman's ρ, ρ = -0.76, p < 0.01). No decrease of in vivo fluorescence was observed in the surface layers during the daylight period, indicating the absence of photoinhibition (Falkowski & Kiefer 1985) , linked to a decrease of primary production (Lizon et al. 1995) ; in vivo fluorescence and chl a were highly significantly correlated over the whole water column (Spearman's ρ, ρ = 0.89, p < 0.01).
Nitrite time series
Descriptive statistical analysis
The time series of nitrite exhibit a very intermittent behaviour, where sharp fluctuations occurring on small scales are clearly visible (Fig. 3) In order to validate our continuous use of the Technicon Autoanalyzer II, we computed the means of each time series and plotted them together with the evolution curves of the hourly estimates of nitrite concentrations (Fig. 4) . Thus, means of the continuously recorded time series clearly appear to be very well integrated in the 12 h tidal cycle of the nitrite concentrations corresponding to our discrete sampling scheme at 2 m depth. 
Fractal time series analysis
The double logarithmic power spectra for the nitrite time series together with their best fitting lines are given in Fig. 5 . Log-log linearity of power spectra is very strong for the whole range of scales considered, with coefficient of determination (r 2 ) ranging from 0.76 to 0.95. Those temporal scales can be associated with spatial scales using 'Taylor's hypothesis of frozen turbulence' (Taylor 1938) , which basically states that temporal and spatial averages t and l, respectively, can be related by a constant velocity V, with l = V · t. Then, using the mean instantaneous tidal circulations (Table 2) , the spatial resolutions and extents associated to our sampling experiments ranges from 0.3 to 4 m respectively, and from 362 to 4926 m ( Table 2 ). The spectral exponents β (Table 3) lead to further conclusions (Fig. 6A) . Indeed, an analysis of covariance concluded that the 11 spectral exponents β were not all equal (p < 0.05). We then conducted a multiple comparison procedure based on the Tukey test (Zar 1984 ) to determine which β was different from the others, and found that the slopes break into 2 homogeneous groups β 1 and β 2 including the series 2, 3, 6, 7 and 10, and series 1, 4, 5, 8, 9 and 11, respectively (Table 3) . Here as below, the subscripts 1 and 2 always refer to the time series 2, 3, 6, 7, 10, and 1, 4, 5, 8, 9, 11, respectively. The fractal dimensions D, estimated from Eq. (5), then exhibit an inverted pattern ( Fig. 6B) , D 1 and D 2 being statistically different (Wilcoxon-Mann-Whitney U-test, p < 0.05; Table 3 ).
Similar analyses, conducted on the 11 temperature and salinity time series recorded simultaneously to the nitrite time series, lead to different results. While the double logarithmic power spectra of temperature and salinity exhibit strong linearity over the whole range of available scales (not shown), there is no difference between their exponents β Τ and β S (analysis of covariance, p > 0.05; Table 3 ). Moreover, the mean spectral exponent estimates β for temperature, salinity and the previously identified 2 groups of nitrite time series are significantly different (Kruskal-Wallis test, p < 0.05), the nitrite exponents β 1 and β 2 being significantly smaller than those for temperature and salinity ( Fig. 6A ; Dunn test, p > 0.05; Siegel & Castellan 1988) . Similar conclusions can be drawn from fractal dimensions of temperature and salinity (Table 3) , which cannot be distinguished and are significantly smaller than those of the nitrite time series (Fig. 6B) .
Finally, we computed squared coherency between each nitrite time series and simultaneously recorded temperature and salinity time series in order to identify the scales at which nitrite might be coupled to temperature and salinity. Squared coherency never appeared to be significantly different from the one estimated from 2 synthetic random, uncorrelated time series presenting the same spectral exponents as the pairs of time series under consideration.
Multifractal time series analysis
The generalization of this spectral approach to higher orders of moment with the help of the q th order structure functions confirm the scaling previously shown by spectral analysis. Indeed, the nitrite structure functions, <(∆NO 2 -(τ)) q >, clearly exhibit a linear behaviour as a function of scale in a log-log plot for different orders of moment (Fig. 7) Table 2 . Mean instantaneous tidal circulation (C speed ) observed during the sampling of the nitrite time series, and the associated spatial resolution and extent , 11, respectively, identified by subscripts 1 and 2 in the text. The shaded areas correspond to the 95% confidence intervals of the spectral exponents and fractal dimensions estimated from temperature and salinity time series of the exponents ζ(q) (not shown) indicates that the small-scale distributions of nitrite can be considered as multifractals. More specifically, the scaling of the first moments ζ(1) = H leads to a behaviour very similar to the one observed in the case of the spectral exponents β (Fig. 8A) ; an analysis of covariance and an appropriate multiple comparison procedure also lead to distinguish 2 groups of H values ( > vs τ in log-log plots for q = 1, 2 and 3 (from top to bottom) for time series 5, 6, 8 and 11. As shown in the case of power spectral analysis, the data are scaling over the whole range of scales. The slopes of the straight dashed lines provide estimates of the first, second and third moment scaling exponents ζ(1) = H, ζ(2) and ζ (3) universal multifractal parameters C 1 and α (Table 3) also exhibit a variable behaviour from one time series to another (Fig. 8B,C) , suggesting a differential control of the organization of the NO 2 -variability over time. Namely, C 1 1 and C 1 2 , as well as α 1 and α 2 , are significantly different (Wilcoxon-Mann-Whitney Utest, p < 0.05).
Similar analyses of temperature and salinity indicate that the first universal multifractal parameter H does not exhibit significant difference from one time series to another (p > 0.05) ( Table 3) and are indistinguishable from the first group of H values and significantly higher than the second group of H values estimated for nitrite time series (Table 3) . Second, the parameters C 1 shared by the temperature and salinity time series (p > 0.05) are significantly smaller than the C 1 values estimated for the first group of the nitrite time series, and not significantly different from that for the second group ( Fig. 8B ; Table 3 ). Finally, the parameters α estimated for the temperature and salinity time series (Table 3) are indistinguishable (p > 0.05), but appear to be significantly higher than that estimated parameters for the first group of the nitrite time series, and not significantly different from that for the second group (Dunn test, p < 0.05; Fig. 8C ; Table 3 ).
Correlation analyses
In order to determine the factors influencing the magnitude of the differential structure levels of nitrite time series represented by the fractal dimension D, and the universal multifractal parameters H, C 1 and α, we conducted correlation analyses between these parameters, the integrals of the nitrite spectra (i.e. an estimate of the total variation in a given record; Bendat & Piersol 1986) , the means of the nitrite time series and chl a concentrations estimated from 2 m depth water samples during each time series recording, and the current speed and direction, as an indicator of the physical forcings (Table 4 ). These analyses showed that the fractal and multifractal structures of nitrite variability were not correlated with the mean nitrite and chl a concentrations, nor with the integral of the nitrite spectra (Spearman's ρ, 2-tailed, 90% level, p > 0.05). Moreover, the absence of correlation between fractal and multifractal parameters and current direction also indicates that the structure of nitrite variability cannot be related with the horizontal advection processes associated with the M2 tidal component. Instead, fractal and multifractal parameters were significantly correlated with current speed (Spearman's ρ, 2-tailed, p < 0.05 and p < 0.01; see Table 4 ), suggesting a differential hydrodynamic control of the structure of nitrite variability. 3, 6, 7, 10, and 1, 4, 5, 8, 9, 11, respectively , identified by the subscript 1 and 2 in the text. The straight broken line in (A) corresponds to the theoretical case H = 1/3 expected for purely passive scalar in ObukhovCorrsin homogeneous turbulence. The shaded areas correspond to the 95% confidence intervals of the universal multifractal parameters estimated from the temperature and salinity time series
DISCUSSION
Sampling small-scale nutrient patches
The differences observed between the values of the multifractal parameters H, C 1 and α estimated from nitrite time series, like the differences between these parameters and those estimated from in vivo fluorescence, temperature and salinity time series in previous studies (Seuront et al. 1996a (Seuront et al. ,b, 1999 , cannot be associated with the different spatial resolutions and extents associated with each nitrite time series (see Table 2 ), nor with the differences between nutrient and temperature, salinity and in vivo fluorescence sampling techniques. In the former case, we should have observed a transition between 2 different scaling regimes, both in power spectra and structure function log-log plots. This is obviously not the case here (see Figs. 5 & 7, respectively) . In the latter case, the temporal and spatial resolutions of previous studies (i.e. 0.5 to 1 s, and 0.3 to 1 m, respectively), the small sizes and the minute time scales of the response of the temperature, salinity and in vivo fluorescence sensors lead to sampling conditions very similar to those reached in the present study.
On the other hand, we argue here that our sampling process cannot be regarded as affected by the motion of the ship, nor the characteristics of the sample processing chain including features of the electronics involved. First, a contamination by the motion of the ship (our pumping system did not move except with the ship) would have been indicated by peaks at characteristic frequencies or time scales (Jenkins & Watts 1968) , which is clearly not the case in our data (see Figs. 3, 5 & 7) . Second, the linearity of the nitrite power spectra over the whole range of available scales indicates the absence of any kind of noise contamination by the electronics or the processing chain, in which case the high-frequency part of the spectra would have shown a roll-off towards the noise level of the involved electronics. The absence of this characteristic signature of high-frequency noise demonstrates that our sampling frequency is well above the electronic noise level (Jenkins & Watts 1968) .
Fractal versus multifractal analyses
The differences in the temporal patterns of variability exhibited by the fractal dimension D and the universal multifractal parameters H, C 1 and α estimated from the nitrite time series clearly demonstrate the ability of multifractal analysis to provide more complete information than the results obtained from fractal analysis. Using only fractal dimensions D would have led to viewing the local temporal patterns of nitrite time series as independent of physical processes: the spectral exponents β are significantly different from the theoretical value expected in the case of a purely passive scalar, and the fractal dimensions estimated from nitrite time series, and from temperature and salinity time series are significantly different (cf. Fig. 6 ). The correlation observed between fractal dimension and current speed then only suggests an indirect control of nitrite fractal structure by hydrodynamic processes. In contrast, the universal multifractal parameters temporal distributions revealed coupling and uncoupling between nitrite distribution and physical processes, as a function of tidal current intensity. Such observations then demonstrate that marine ecologists should focus on the precise nature of the distribution of patterns and processes in question in order to obtain more relevant information on the driving processes responsible for the observed variability.
Small-scale nutrient patches and hydrodynamic conditions
In well-mixed environments where turbulent processes are fully developed, previous empirical studies have demonstrated that fluctuations of biological para- Table 4 . Correlation matrix of variables relative to the structure of nitrite time series. NO 2 -mean and NO 2 -spectral sum : mean concentration of nitrite time series and sum of the nitrite power spectra; D: fractal dimension; H, C 1 , and α: universal multifractal parameters; C speed and C direction : current speed and direction. *5% significance level; **1% significance level meters (e.g. phytoplankton biomass) could follow a spectral power law behaviour marked by a characteristic exponent β (β = 5/3) over a wide range of scales (e.g. Seuront et al. 1996a Seuront et al. ,b, 1999 , as theoretically expected in the case of purely passive scalars (i.e. temperature or salinity) advected by turbulent processes. However, except in the case of the time series 2, our estimates of the spectral exponent β are significantly different from the previously defined theoretical value (β = 5/3). This observation indicates that the small-scale variability of the NO 2 -time series cannot be regarded as being purely passively driven by turbulent fluid motion and that there could exist an additional level of complexity in the origin of the structure of NO 2 -variability. Moreover, the high fractal dimensions associated with strong current speeds characterize very complex processes where short-range, local variability is highly developed and tends to obfuscate long-range trends perceptible from lower fractal dimensions, associated with weak current speed; NO 2 -is thus more evenly distributed under high turbulence.
The negative correlation between H and the fractal dimensions D confirms the results of the monofractal analysis. The first universal multifractal parameter H characterizes the degree of non-conservation of the process. The lower H is, the more conservative is the corresponding process, i.e. the mean of the fluctuations is less scale-dependent, indicating a reduced flux of variance from large to smaller scales, and thus the prevalence of local variability.
Under low turbulence the higher values of C 1 indicate the occurrence of few patches of high NO 2 -concentrations that are several orders of magnitude above background levels. Under higher turbulence the lower C 1 indicates that NO 2 -is more homogeneously distributed (Fig. 3 ) and behaves as a passive scalar. This hypothesis is supported by observations that the C 1 values observed for nitrite time series under high turbulence cannot be distinguished from the C 1 values estimated for temperature and salinity irrespective of hydrodynamic conditions. Here the so-called homogenisation effect is mainly perceptible from the disruption of these patches (see Fig. 3 ). NO 2 -distribution nevertheless remains heterogeneous (i.e. structured) irrespective of the hydrodynamic conditions, as the parameter C 1 is significantly greater than 0 (p < 0.05), in which case the nitrite would have been homogeneously distributed.
Finally, the mean value of α indicates that NO 2 -cannot be regarded as log-normally distributed, in which case α = 2. On the contrary, this value is typically in the range of α values estimated for phytoplankton biomass, temperature and salinity distribution over similar ranges of scales (see Seuront et al. 1996a Seuront et al. ,b, 1999 . Nevertheless, our results indicate a differential NO 2 -structure characterized by a greater complexity in the hierarchy of its variability levels under high turbulence (Table 4) .
Small-scale nutrient patches and phytoplankton patchiness
A comparison of the fractal and multifractal parameters estimated for nitrite time series and those of phytoplankton biomass warrants further comments. The fractal dimensions D are higher than those found for phytoplankton biomass distribution by Seuront & Lagadeuc (1998) and Seuront et al. (1996a) during neap tide, and by Seuront et al. (1996b Seuront et al. ( , 1999 during spring tide; fractal dimensions were estimated using the β values reported by Seuront et al. (1996a Seuront et al. ( ,b, 1999 in Eq. (5). That indicates that the processes generating the nitrite variability could be associated with smaller-scale variability than the processes responsible for the small-scale distribution of phytoplankton biomass, under all hydrodynamic conditions. These observations are specified by the values of the first and second universal multifractal parameters H and C 1 . The former and the latter, when estimated for nitrite time series recorded in strong and low turbulence (Table 3) , are significantly smaller and larger than the values reported by Seuront et al. (1996a Seuront et al. ( ,b, 1999 for phytoplankton, temperature and salinity distributions, and for temperature and salinity in the present study (Fig. 8A,B) . In contrast, the third universal multifractal parameter α values estimated from nitrite time series are significantly higher than the values estimated from phytoplankton biomass in the eastern English Channel and the Southern Bight of the North Sea. These results, suggesting a very specific structure of nitrite variability, irrespective of the external physical and/or biological forcings, thus show that the small-scale distribution of nitrite is (1) characterized by the prevalence of a more local variability (low H) in comparison with phytoplankton biomass under high turbulence, (2) more heterogeneous (high C 1 ) than phytoplankton biomass distribution over similar ranges of scales in weak turbulence, and (3) less complex than phytoplankton distributions under all hydrodynamic conditions.
Small-scale nutrient patchiness: towards a mechanistic interpretation
The organization of NO 2 -variability cannot be regarded as density-dependent, whereas Seuront & Lagadeuc (1998) found a strong density-dependence of phytoplankton biomass structure (estimated on the basis of a monofractal analysis) in relation with both the inshore-offshore gradient and the horizontal advection processes characterizing the coastal waters of the eastern English Channel. However, a source of NO 2 -in marine waters being its release by phytoplankton populations that are growing on nitrate (McCarthy et al. 1984) , the observed heterogeneity in the NO 2 -distributions could be connected to the occurrence of the prymnesiophyceae Phaeocystis sp., which reached high concentrations during the sampling experiment (Truffier et al. 1997) . This species being known for its highly developed swarming capacities along the English coast of the eastern English Channel (Tyler 1977 , Lennox 1979 , we could suggest 2 nonconflicting hypotheses for the observed nitrite heterogeneous distributions:
(1) The aggregation properties of Phaeocystis and the associated potential release of nitrite can be regarded as a direct source of heterogeneity for nitrite concentrations.
(2) The presence of Phaeocystis aggregates could provide highly favourable microhabitats for microplankton populations (Mitchell et al. 1985 , Mitchell & Fuhrman 1989 and thus lead to an indirect source of patchiness for nutrient distributions.
The observed heterogeneous distributions of nitrite concentrations would on the one hand be a direct consequence of the heterogeneous distribution of Phaeocystis (NO 2 -release), and on the other hand the result of the interactions between the heterogeneous distribution of phytoplankton cells and the associated clustering of bacteria. In that way, the degradation of Phaeocystis can also be regarded as a potential secondary source of nutrient patchiness. Indeed, the degradation of phytoplankton cells has been widely shown to be a source of patchiness and taxonomic diversity for bacterioplankton populations (Wilcox Silver et al. 1978 , Blight et al. 1995 , and then a likely patchy nutrient resource. In both cases, an increase in turbulence leads to the disruption of Phaeocystis aggregates -as suggested by previous works on phytoplankton coagulation (e.g. Riebesell 1991a,b) -and/or the disruption of the bacterial clusters existing around phytoplankton cells (Bowen et al. 1993) . They could thus be regarded as a potential source of homogenisation, as shown from the values of the universal multifractal parameter C 1 (see also Fig. 3) . One may note the absence of any circadian periodicity in the mean nitrite concentration and in the structure of nitrite variability. This lack of periodicity shows that during the sampling experiment nitrifying bacterial production was not photoinhibited -as previously demonstrated elsewhere (Gentilhomme 1993 , Gentilhomme & Raimbault 1995 -and is consistent with our second hypothesis (i.e. role of nitrifying and/or denitrifying bacteria in the NO 2 -structure).
The hypotheses related to the origin of the differential temporal structure of nitrite variability nevertheless need to be tested both in the field and by way of numerical experiments. Simultaneous measurements of nitrite and phytoplankton concentration, bacterial abundance and activity under different hydrodynamic conditions -known to influence bacterial production rates (e.g. Confer & Logan 1991 , Logan & Kirchman 1991 -could be helpful in determining the sources of the nutrient patches, especially at low flow speed. On the other hand, numerical simulations of the differential aggregative properties of phytoplankton and bacterial populations relative to the physical forcing of turbulent processes could lead to a better understanding of the small-scale patch formation and maintenance. Indeed, Blackburn et al. (1998) demonstrated that spherical patches a few millimeters in diameter could sustain swarms of bacteria for about 10 min, and Blackburn & Fenchel (1999) numerically showed that moderate shear does not significantly alter patch volumes within the time scales of several minutes. Such information is still not available in turbulent environments.
CONCLUSION
This study demonstrates the validity of our high resolution (i.e. a 3 s temporal resolution) dissolved nitrogen continuous sampling technique and its applicability to the distribution of nitrite in a highly dissipative environment. On the basis of a unique dataset of 11 temperature, salinity and nitrite time series simultaneously recorded in the eastern English Channel, we demonstrate that the distribution of nitrite is patchy under all hydrodynamic conditions, that this patchiness can be very specific, different from the one exhibited by purely passive scalars such as temperature and salinity, or phytoplankton cells, and can be thought of as the result of complex interactions between hydrodynamic conditions, biological processes related to phytoplankton populations, and bacterial activity. Additionally, while the applicability of fractal and multifractal algorithms to marine studies is now widely recognized (e.g. Frontier 1987 , Sugihara & May 1990 , Pascual et al. 1995 , Seuront et al. 1999 ), this study clearly shows that a multifractal framework can generate useful and unique information for an understanding of the spatio-temporal structure of marine systems.
The previously demonstrated small-scale heterogeneity of nitrite distribution presents several implications on the structure and the functioning of the pelagic food-web:
(1) In particular, the observed small-scale nutrient patchiness is of prime interest in the estimates of phytoplankton growth considering the importance of nutrient 'surge uptake' by phytoplankton in the presence of ephemeral point sources of nutrients (e.g. Collos 1983 , Raimbault & Gentilhomme 1990 . However, such estimates will still suffer from the lack of both any adequate model of uptake under non-steady state conditions and any convergent empirical evidence of the effect of a heterogeneous nutrient distribution on phytoplankton uptake and growth.
(2) Heterogeneous nutrient distribution or, more generally, small-scale heterogeneity of resources and consumers in the ocean could provide a potential phenomenological explanation to the persistence of local high phytoplankton diversity in highly energetic areas (Hutchinson 1961) referred to as the 'paradox of the plankton'. Indeed, heterogeneous distributions of resources could be regarded as a source of patchiness for higher and lower trophic levels, such as detritus and marine snow for microbial communities (Azam 1998) .
(3) The temporal differential structure of nutrient distribution shown in the present work indicates that the size of the elemental structures of the observed patterns was related to the available energy (the tidal current velocity here), as proposed by Margalef (1979) , but also to the biological response of micro-organisms to physical forcing (disruption of patches under elevated turbulence).
Further extensions of these ideas and observations are still needed to achieve a more complete understanding of the small-scale spatio-temporal couplings between a heterogeneous nutrient supply and utilization of the different components of the oceanic nitrogen cycling by phytoplankton populations.
